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SYSTEMS, METHODS, AND COMPUTER
PROGRAM PRODUCTS FOR SEARCHING

AND SORTING IMAGES BY AESTHETIC
QUALITY

CROSS REFERENCE TO RELATED
APPLICATION(S)

This application 1s a continuation-in-part of, and claims
priority to, U.S. application Ser. No. 14/506,103, entitled
“SYSTEMS, METHODS, AND COMPUTER PROGRAM
PRODUCTS FOR SEARCHING AND SORTING
IMAGES BY AESTHETIC QUALITY?”, filed Oct. 3, 2014.

The content of this application 1s incorporated herein by
reference.

TECHNICAL FIELD

The present invention relates generally to systems, meth-
ods, and computer program products for enabling users to
better manage, sort, search, display, and view 1images. More
particularly, the present ivention relates to assigning an
aesthetic score to an 1mage based on aesthetic quality.

BACKGROUND OF THE INVENTION

Existing systems for learning-to-rank algorithms are dif-
ficult to apply to 1mages. Because text documents contain
substantially less data than images and are much more
structured (e.g. syntax, semantics, document-level structure)
than 1mage data, special care and attention must be taken to
ensure that the dimensions of feature vectors used to train a
machine-learned model are reasonable. Existing systems
cannot simply be converted to apply to image features based
on aesthetic quality.

What systems or methods that do exist for assigning an
aesthetic score to an 1mage suller from several drawbacks,
including poor performance and being limited to classifica-
tion rather than ranking. These systems fail to assign an
aesthetic score that correlates to intuitive notions of aesthetic
quality. The use of such systems to order images by aesthetic
quality or to search images by aesthetic quality 1s 1nad-
equate.

With over a trillion photographs being taken every year,
many of which are in digital format as images on the
Internet, 1t 1s a growing problem to be able to manage, sort,
search, display, and view such images based on aesthetic
quality. Thus there 1s a need for a system, method, and
computer program product that assigns an aesthetic score to
an 1mage based on aesthetic quality, and that allows for sets
of 1mages to be ordered and searched based on aesthetic

quality.

SUMMARY OF THE INVENTION

The present invention 1s directed to systems, methods, and
computer program products for assigning an aesthetic score
to an 1mage. A plurality of 1images can be displayed 1n an
order based on their aesthetic scores. A plurality of images
can also be searched, such that the search results are ordered
based on their aesthetic scores. The aesthetic score can be
personalized according to, e.g., a user, a group of users, or
an 1mage genre.

Particular embodiments of the present invention are
directed to systems, methods, and computer program prod-
ucts for assigning an aesthetic score to at least one image, for
ranking and for searching a plurality of images.
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In one particular embodiment, a method for assigning an
aesthetic score to an 1image 1ncludes recerving an image. The
method further includes executing a neural network on the
image to generate learned features. The method further
includes applying a machine-learned model to assign an
aesthetic score to the 1image, wherein a more aesthetically-
pleasing 1mage 1s given a higher aesthetic score and a less
aesthetically-pleasing image 1s given a lower aesthetic score.
The learned features are inputs to the machine-learned
model.

In some embodiments, the neural network 1s a deep neural
network and the learned features are deep-learnt features. In
some embodiments, the neural network includes a stack of
filters followed by one or more fully connected layers,
wherein the filters include at least one of convolution filters,
rectified-linear unit filters, and max-pooling filters. In some
embodiments the learned features includes outputs of one or
more layers of the neural network. In some embodiments,
the neural network includes a recursive-neural-network
structure.

In some embodiments, the method further comprises
extracting manually selected features from the image,
wherein the manually selected features are indicative of
aesthetic quality. In these embodiments, the method further
comprises encoding the extracted manually selected features
into a high-dimensional feature vector. In some embodi-
ments, the neural network includes a fully connected layer
which takes the encoded manually selected feature vector as
an additional input. In other embodiments, the method
further comprises reducing the dimension of the high-
dimensional feature vector and concatenating the manually
selected dimensionally-reduced feature wvector and the
learned features. In these embodiments, the concatenated
features are mputs to the machine-learned model.

In some embodiments, extracting the manually selected
features comprises determining a plurality of scales and for
cach of the plurality of scales, segmenting the 1mage 1nto a
plurality of regions. The method further includes, for each of
the plurality of scales and the plurality of regions computing
a plurality of nearest and farthest regions according to a
distance function, computing a local histogram of oriented
gradients, and computing a color.

In some embodiments, the method further comprises
pre-processing the image for input into the neural network,
wherein the executing the neural network on the image
comprises executing the neural network on the pre-pro-
cessed 1mage.

In some embodiments, the neural network 1s trained by a
process comprising sampling a neural-net training set having,
a plurality of training 1mages, wherein the sampling includes
forming triplets (Im,™, Im,™, Im;™) where Im,™ and Im,™ are
members of the neural-net training set that are annotated as
positive aesthetic 1mages and Im;~ 1s a member of the
neural-net training set that 1s annotated as a negative aes-
thetic image. The method turther includes minimizing a loss
function, whereby an embedding space 1s found where
positive aesthetic 1mages are close together and negative
aesthetic 1images are spread apart. In some embodiments the
loss function 1s a triple hinge loss function max (0,c-06(¢
(Im,™),6(Im,")+0(¢p(Im, 7),p(Im,7))), where ¢ is a constant,
0 1s a distance function in the embedding space, and ¢
represents the learned features. In other embodiments, the
loss function 1s a contrastive loss function.

In some embodiments the neural network 1s adapted to a
genre or a user from a base neural network by the training
process comprising providing an adapted training set,
wherein the adapted training set includes images that the
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base neural network was not trained on. The training process
turther comprises 1mtializing training parameters based on
training parameters from the base neural network. In some
embodiments, the adapted traiming set includes 1mages that
are annotated based on a user. In some embodiments, the
annotation based on a user comprises annotating an 1mage as
aesthetically pleasing or not aesthetically pleasing based on
whether the user has done at least one of: positively ranked
or liked the 1mage, viewed the 1image for an amount of time
exceeding a predetermined threshold, visited the 1image for
an amount ol visits exceeding a predetermined threshold,
purchased the 1mage, positively ranked or liked a category
associated with the image, positively ranked or liked a
photographer associated with the image; and commented on
the image. In some embodiments, the annotation based on a
user further comprises annotating an i1mage based on a
similarity of the image to a previously annotated 1mage. In
some embodiments, the annotation based on a user com-
prises annotating an image as aesthetically pleasing or not
aesthetically pleasing based on an analysis of a social
network of the user. In some embodiments, the annotation
based on a user comprises annotating an 1mage as aestheti-
cally pleasing or not aesthetically pleasing based on results
from a recommendation engine, wherein the recommenda-
tion engine 1s based on user-metadata, image-metadata, and
a social network of the user.

According to another aspect of the invention, a method for
ranking 1mages by aesthetic quality for display comprises
receiving a plurality of images and assigning an aesthetic
score to each of the plurality of images. The method further
comprises displaying the plurality of images 1n an order
based on the aesthetic score. In some embodiments, display-
ing the plurality of images comprises displaying a subset of
the plurality of images. In some embodiments, the subset of
the plurality of images 1s limited to a fixed number of
images. In some embodiments, the subsets of the plurality of
images 1s based on a minimum aesthetic score.

According to another aspect of the invention, a method for
searching 1mages by aesthetic quality comprises receiving a
search query and a plurality of images based on the search
query, whereby a list of search results 1s generated. The
method further comprises displaying the list of search results
by a method for ranking images by aesthetic quality for
display. In some embodiments, searching a plurality of
images comprises searching a plurality of metadata associ-
ated with the plurality of 1images.

According to another aspect of the invention, a device for
assigning an aesthetic score to an 1image comprises a pro-
cessor, a memory coupled to the processor, and a network
interface coupled to the processor. In some embodiments,
the processor 1s configured to receive an 1mage. The pro-
cessor 1s further configured to execute a neural network on
the 1mage to generate learned features. The processor 1s
turther configured to apply a machine-learned model to
assign an aesthetic score to the image, wherein a more
aesthetically-pleasing image 1s given a higher aesthetic score
and a less aesthetically-pleasing image 1s given a lower
aesthetic score. The learned features are inputs to the
machine-learned model.

According to another aspect of the mnvention, a computer
program product for assigning an aesthetic score to an
image, said computer program product comprising a non-
transitory computer readable medium storing computer
readable program code embodied 1n the medium comprises
program code for receiving an image. The computer pro-
gram product further comprises program code for executing
a neural network on the image to generate learned features.
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The computer program product further comprises program
code for applying a machine-learned model to assign an
aesthetic score to the image, wherein a more aesthetically-
pleasing 1mage 1s given a higher aesthetic score and a less
aesthetically-pleasing image 1s given a lower aesthetic score.
The learned features are inputs to the machine-learned
model.

According to another aspect of the invention, a method for
generating content associated with a topic 1s provided. The
method mcludes providing a topic. The method also includes
generating content associated with a topic can be used for
curating content. The method also includes receiving a set of
images associated with the topic 1s. The method also
includes, for each image in the set of 1images, assigning a
score to the image, wherein the score 1s based on user
interactions with the image and an aesthetic score of the
image. The method also includes filtering the set of 1images
1s {iltered based on the assigned scores to create a subset of
1mages.

In some embodiments, the received set of images includes
search results for a pre-defined search parameter associated
with the topic or images having metadata associated with the
topic. In some embodiments, the metadata may include tags
associated with the topic. In some embodiments, the aes-
thetic score 1s adapted to a user or a genre. In some
embodiments, filtering the set of 1mages based on the
assigned scores to create a subset of 1images includes remov-
ing all but a top K number of the images, wherein K 1s a
natural number. In some embodiments, filtering the set of
images based on the assigned scores to create a subset of
images 1ncludes removing all images where the assigned
score less than a threshold value. In some embodiments, the
threshold value 1s a pre-determine fixed value, while 1n other
embodiments, the threshold value 1s adaptively determined
based on the received 1mages.

In some embodiments, the method further includes
removing an image from the subset of images based on input
from a user and replacing the removed 1image by an image
with a next highest score from the set of 1mages.

According to another aspect of the invention, a method for
assessing the etflicacy of changes to a social network includ-
ing a plurality of users capable of uploading 1images to the
social network 1s provided. The method 1ncludes determin-
ing a first metric for user and content quality for a first time
period. The method also includes making a change to the
social network, wherein the change occurs after the first time
period. The method also includes, after making the change,
determining a second metric for user and content quality for
a second time period. The method also includes assessing
the eflicacy of the change based on the determined first and
second metrics for user and content quality.

In some embodiments, the method also includes receiving
a first set of images during the first time period and receiving
a second set of images during the second time period. In
these embodiments, the first metric includes determining a
number of good 1images 1n the first set, wherein an 1image 1s
determined to be good based on an aesthetic score associated
with the image. Likewise, 1n these embodiments, the second
metric includes determining a number of good 1images in the
second set, wherein an 1mage 1s determined to be good based
on an aesthetic score associated with the 1mage. In some
embodiments, determining an 1image to be good based on the
aesthetic score includes using a pre-determined or adap-
tively determined threshold. In some embodiments, the first
metric Turther includes determining a histogram of aesthetic
scores associated with the first set of images and wherein the
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second metric further includes determining a histogram of
aesthetic scores associated with the second set of 1mages.

In some embodiments, the method also includes receiving,
a first set of users during the first time period and receiving
a second set of users during the second time period. In these
embodiments, the first metric includes determining a num-
ber of good users 1n the first set, wherein a user 1s determined
to be good based on a user score associated with the user.
[ikewise, 1n these embodiments, the second metric includes
determining a number of good users in the second set,
wherein a user 1s determined to be good based on a user
score associlated with the user. In some embodiments, deter-
mining a user to be good based on the user score mcludes
using a pre-determined or adaptively determined threshold.
In some embodiments, making a change to the social net-
work includes changing a user signup process or changing,
how a user 1s exposed to content. In some embodiments,
making a change to the social network includes changing a
user experience design or user interface design. In some

embodiments, assessing the efficacy of the change includes
split A/B testing.

BRIEF DESCRIPTION OF THE DRAWINGS

The accompanying drawings, which are incorporated
herein and form part of the specification, 1llustrate various
embodiments of the present disclosure and, together with the
description, further serve to explain the principles of the
disclosure and to enable a person skilled in the pertinent art
to make and use the embodiments disclosed herein. In the
drawings, like reference numbers indicate identical or func-
tionally similar elements.

FIG. 1 illustrates an exemplary architecture of a commu-
nication system 1n accordance with exemplary embodiments
of the present invention.

FIG. 2 1s a block diagram of a user device 1 accordance
with exemplary embodiments of the present invention.

FIG. 3 1s a block diagram of a remote device 1n accor-
dance with exemplary embodiments of the present mnven-
tion.

FI1G. 4 1s a flow diagram 1llustrating steps of a method for
assigning an aesthetic score to an 1mage.

FIG. 5 1s a block diagram illustrating an exemplary
embodiment of the present invention.

FIG. 6 1s a block diagram illustrating an exemplary
embodiment of the present invention.

FI1G. 7 1s a diagram showing an exemplary architecture for
a neural network 1n accordance with preferred embodiments.

FI1G. 8 1s a diagram showing an exemplary architecture for
a neural network 1n accordance with preferred embodiments.

FIG. 9 1s a block diagram of an image-processing system
in accordance with exemplary embodiments of the present
invention.

FIG. 10 1s a block diagram of an image EyeRank logic in
accordance with exemplary embodiments of the present
invention.

FIG. 11 1s a block diagram of a user EyeRank logic in
accordance with exemplary embodiments of the present
invention.

FI1G. 12 1s a flow diagram 1llustrating steps of a method for
displaying a plurality of images.

FIG. 13 1s a graphical representation of image-associated
metadata 1n accordance with exemplary embodiments of the
present mvention.

FIG. 14 1s a graphical representation ol user-associated
metadata 1n accordance with exemplary embodiments of the
present mvention.
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FIG. 15a 1s a graphical representation of a graph 1n
accordance with exemplary embodiments of the present

invention.

FIG. 155 15 a tlow diagram 1llustrating steps of a method
for periodically updating a graph 1n accordance with exem-
plary embodiments of the present invention.

FIG. 15¢ 1s a graphical representation of an image score
and a photo score 1n accordance with exemplary embodi-
ments of the present mvention.

FIG. 16 1s a flow diagram 1llustrating steps of a method for
generating content associated with a topic

FIG. 17 1s a flow diagram 1llustrating steps of a method for
assessing the eflicacy of changes to a social network 1includ-
ing a plurality of users capable of uploading images to the
social network.

DETAILED DESCRIPTION

Referring to FIGS. 1-17, exemplary methods, systems,
and computer program products for assigning an aesthetic
score to an 1mage and for ranking and searching images by
aesthetic quality are provided.

Referring now to FIG. 1, an exemplary architecture of a
communication system in accordance with embodiments of
the present invention 1s illustrated. System 100 includes at
least one remote device 110 that 1s configured to commu-
nicate with one or more user devices 105 through a com-
munications network 104 (e.g., the internet). Examples of
user devices include a computer 120 (e.g., laptop or desk-
top), a tablet 125 (e.g., an 1Pad), and a mobile device 130
(e.g., a smartphone, such as, for an example, an 1Phone). An
example of a remote device 110 includes a server. The
system, method and computer program product of the pres-
ent mvention can, for example, be deployed as a user/client-
server implementation, as an ASP model, or as a standalone
application running on a user device 105.

The user device 105 can be configured to communicate
with one or more remote devices 110 via the network 104.
Remote devices 110 are configured to generate, maintain,
and host the computer program product 1n one embodiment.
The remote devices 110 generate, maintain and host web
pages (e.g., HTML documents) that embody the present
invention. The remote devices 110 1nclude services associ-
ated with rendering dynamic web pages, such as data storage
services, security services, etc. Accordingly, remote devices
110 can 1nclude a conventional hardware arrangement and
can be outlitted with software and/or firmware for perform-
ing web server functions for performing aspects of the
present invention, such as, for example, javascript/jquery,

HTMLS5, CS882/3, and {facilities for SSL, MySQL, PHP,
SOAP, efc.

Remote devices 110 may be coupled with a data storage
facility, which may include one or more local or remote
memory systems or units, and can include one or more
databases and/or file systems for storing data, media, graph-
ics, HI'ML documents, XML documents, etc.

Remote devices 110 can be configured to include an
admin function, which enables an administrator to perform
system-related functions. The system-related functions can
include maintaining user records, performing upgrades on
the software and topic content, and the moderation of tasks.

Referring to FIG. 2, a block diagram of a device 200, such
as for example, user device 105, computer 120, tablet 125,
and mobile device 130, in accordance with exemplary
embodiments of the present invention is illustrated. As
shown 1 FIG. 2, the device 200 may include a processor
2035, which may include one or more microprocessors and/or
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one or more circuits, such as an application specific inte-
grated circuit (ASIC), field-programmable gate arrays (FP-
GAs), efc.

The device 200 may include a network interface 225. The
network interface 225 1s configured to enable communica-
tion with a communication network, using a wired and/or
wireless connection.

The device 200 may include memory 220, such as non-
transitive, which may include one or more non-volatile
storage devices and/or one or more volatile storage devices
(e.g., random access memory (RAM)). In mstances where
the device 200 includes a microprocessor, computer read-
able program code may be stored in a computer readable
medium or memory, such as, but not limited to magnetic
media (e.g., a hard disk), optical media (e.g., a OVQO),
memory devices (e.g., random access memory, tlash
memory), etc. The computer program or soitware code can
be stored on a tangible, or non-transitive, machine-readable
medium or memory. In some embodiments, computer read-
able program code 1s configured such that when executed by
a processor, the code causes the device to perform the steps
described below and herein. In other embodiments, the
device 1s configured to perform steps described below
without the need for code.

It will be recognized by one skilled in the art that these
operations, algorithms, logic, method steps, routines, sub-
routines, and modules may be implemented 1n software, in
firmware, 1n special purpose digital logic, and any combi-
nation thereof without deviating from the spirit and scope of
the present invention as recited within the claims attached
hereto.

The device 200 may include an mput device 210. The
input device 1s configured to receive an input from either a
user or a hardware or software component. Examples of an
input device 210 include a keyboard, mouse, microphone,
touch screen and software enabling interaction with a touch
screen, etc. The device can also include an output device
215. Examples of output devices 215 include monitors,
televisions, mobile device screens, tablet screens, speakers,
remote screens, etc. The output device 215 can be configured
to display 1images, media files, text, or video, or play audio
to a user through speaker output.

Referring now to FIG. 3, a block diagram of a remote
device 1n accordance with exemplary embodiments of the
present invention 1s illustrated. As shown i FIG. 3, the
remote device 300 may include a network interface 315 for
transmitting and receiving data, a processor 303 for control-
ling operation of the server device 300, and a memory 310
for storing computer readable instructions (e.g., software)
and data. The network interface 315 and memory 310 are
coupled to and communicate with the processor 305. Pro-
cessor 305 controls the operation of network interface 3135
and memory 310 and the flow of data and functionality
between them. In various embodiments nputs can come
from the device 200, to the remote device 300, via the
network interface 315. Processing can occur at the remote
device 300, at the device 200, or at both. In wvarious
embodiments, remote device 300 may be a server.

Processor 305 may include one or more microprocessors,
and/or one or more circuits, such as an application specific
integrated circuit (ASIC), field-programmable gate arrays
(FPGAs), etc. Network interface 225 can be configured to
enable communication with a communication network,
using a wired and/or wireless connection. Memory 310 can
include one or more non-volatile storage devices and/or one
or more volatile storage devices (e.g., random access
memory (RAM)). In instances where remote device 300
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includes a microprocessor, computer readable program code
may be stored 1n a computer readable medium, such as, but
not limited to magnetic media (e.g., a hard disk), optical
media (e.g., a DVD), memory devices (e.g., random access
memory, flash memory), etc. In other embodiments, the
device 1s configured to perform steps described below
without the need for code. It will be recognized by one
skilled 1n the art that these operations, logic, method steps,
routines, algorithms, sub-routines, and modules may be
implemented 1n software, 1n firmware, in special purpose
digital logic, and any combination thereof without deviating
from the spirit and scope of the present invention as recited
within the claims attached hereto.

FIG. 4 1s a flow diagram 1llustrating steps of a method 400
for assigning an aesthetic score to an 1image. The method 400
includes receiving an 1mage (step 402). In some embodi-
ments, this may include batch processing of a set of stored
images or 1t may include the online processing of 1mages. In
certain embodiments of the present invention, a user may
select an 1mage from a remote device or supply the image
from a user device. In other embodiments the 1image may be
identified by the remote device in response to a user request
to rank or search a set of 1mages.

Next, in method 400, a neural network 1s executed on the
image to generate learned features (step 404). In certain
embodiments of the present invention, the neural network 1s
a deep neural network and the learned features are deep-
learnt features. In some embodiments, the neural network
includes a stack of filters followed by one or more fully
connected layers, wherein the filters include at least one of
convolution filters, rectified-linear unmit filters, and max-
pooling filters. In some embodiments, the neural network
includes recursive deep learning, such as a Recursive Neural
Network (RNN) or a Recursive Neural Tensor Network
(RN'TN). In some embodiments, before executing the neural
network, the image 1s pre-processed. Non-limiting examples
of such pre-processing may include re-sizing the image and
adjusting the color of the image (for example, by subtracting
a mean color from each pixel). In certain embodiments, the
learned features include outputs of one or more layers of the
neural network. For example, layers at different depths of the
neural network may provide features representing different
levels of information.

In some embodiments of the present invention, the neural
network 1s trained by a process that comprises sampling a
neural-net training set having a plurality of training images,
wherein the sampling includes forming triplets (Im,™, Im, ",
Im;~) where Im,™ and Im," are members of the neural-net
training set that are annotated as positive aesthetic 1images
and Im,~ 1s a member of the neural-net traiming set that 1s
annotated as a negative aesthetic 1mage. In certain embodi-
ments, the neural-net training set may be the same as the
training set used to train the machine-learned model. In other
embodiments, the neural-net training set may be a difierent
set, including, for example, a subset of the training set used
for the machine-learned model. In some embodiments, train-
ing data 1n a traimng set (whether for training the neural
network or training the machine-learned model) 1s 1in the
form of pairwise relationships, e.g. 1mage A 1s preferred
aesthetically over image B (represented as (A, B)) or image
B 1s preferred aesthetically over image A (represented as (B,
A)). In certain embodiments the relationship may be neutral
(1.e. no preference). With pairwise training data, forming
triplets during sampling includes forming triplets (Im,",
Im,”, Im,™) for each set of pairs (Im,”, Im,”) and (Im,",
Im,~) 1n the pairwise data, where Im;,™ 1s preferred aestheti-
cally over Im;~ and Im,” is preferred aesthetically over
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Im,~. It will be appreciated that the training data may be
manually curated or extracted from other sources of data
(e.g. 1images from a social network), and the annotations may
be inferred from other known information about the images
(c.g. page views, number of comments, source of 1mage).
The process for training the neural network, according to
some embodiments, further involves minimizing a loss
function, whereby an embedding space 1s found where
positive aesthetic images are close together and negative
aesthetic 1images are spread apart. In some embodiments, the
loss function that 1s minimized during training of the neural
network 1s a triple hinge loss function max (0,c-o(¢p(Im, ™),
¢(Im,")+0(p(Im, "),p(Im,7))), where ¢ 1s a constant, d is a
distance function 1n the embedding space, and ¢ represents
the learned features. In other embodiments, the loss function
1S a contrastive loss function. In some embodiments, other
loss functions that form an embedding space where positive
aesthetic 1mages are close together and negative aesthetic
images are spread apart may be used.

Next, 1n method 400, a machine-learned model 1s applied
to assign an aesthetic score to the 1mage, wherein a more
aesthetically-pleasing image 1s given a higher aesthetic score
and a less aesthetically-pleasing image 1s given a lower
aesthetic score (step 406). The learned features generated by
executing the neural network are inputs to the machine-
learned model. The machine-learned model may be learned

using a number of different algorithms, including, for
example, the LambdaMART, LamdaRANK, RankNet, and

RankSVM algorithms. Other machine-learning algorithms
that minimize pairwise or list-wise ranking loss may also be
used. In an embodiment, the aesthetic scores are floating
point values ranging from -1 to +1, where +1 indicates
highly aesthetic 1mages and -1 indicates non-aesthetic
1mages.

In some embodiments, method 400 further comprises
extracting manually selected features from the image,
wherein the manually selected features are indicative of
aesthetic quality. In these embodiments, the method 400
turther comprises encoding the extracted manually selected
features mto a high-dimensional feature vector. In some
embodiments, the encoded manually selected features are
inputs ito a fully connected layer of the neural network. In
these embodiments, executing the neural network effectively
reduces the dimension of the encoded manually selected
features. In other embodiments, the high-dimensional fea-
ture vector 1s reduced and then concatenated with the
learned features generated from executing the neural net-
work. In this embodiment, the concatenated features are then
fed as put into the machine-learned model. It will be
appreciated that 1n certain embodiments, some manually
selected features may be input directly into the neural
network while other, possibly different, manually selected
features may be dimensionally-reduced and concatenated
with the learned features generated from the neural network
to then be fed as input into the machine-learned model.

In some embodiments, extracting the manually selected
features comprises determining a plurality of scales. For
cach of the plurality of scales, the image 1s segmented 1nto
a plurality of regions. For each of the plurality of regions and
the plurality of scales, the following are computed: a plu-
rality of nearest and farthest regions according to a distance
function, a local histogram of oriented gradients, and a color.
In certain embodiments of the present invention the seg-
menting 1s done using a superpixel algorithm, such as a
simple linear iterative clustering (SLIC) superpixel algo-
rithm. In certain embodiments, the distance function com-
prises a distance 1 CIE-LAB space. It will be appreciated
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that other suitable 1mage features may be used, such as are
known 1n the art or may 1n the future be discovered. In some
embodiments, the manually selected features supplement the
learned features to provide additional discriminative power.

In certain embodiments of the present invention, the
reduction of the high-dimensional encoded features com-
prises applying a machine-learned projection matrix to keep
the distance between pairs of aesthetic images and non-
aesthetic 1mages large and pairs of similar images (e.g. both
aesthetic or both non-aesthetic) small. In certain embodi-
ments the machine-learned projection matrix 1s learned
using a WSABIE algorithm.

In some embodiments, the neural network 1s adapted to a
genre or a user from a base neural network. Likewise, the
additional data may relate to a group of genres or users. In
these embodiments, the neural network i1s trained by a
process comprising providing an adapted training set,
wherein the adapted training set includes images that the
base neural network was not trained on. The training process
further comprises initializing training parameters based on
training parameters irom the base neural network. For
example, 1f there 1s training data (S ,) in addition to what was
used to train the neural network (S,), such additional data
may be used to fine-tune the model. When training the neural
network, instead of randomly initializing the weights or
parameters, or using some other standard initialization pro-
cess, a previously trained neural network (trained on training
set S,) 1s used to provide the 1nitial parameters. Where the
additional training data is related to a particular genre or
style, the newly trained neural network will be adapted to
produce learned features more tailored to that particular
genre or style. For example, the genre or style might be
“street photography™ or “wedding photography.” Further
examples of genres include “still life,” “‘portraits,” or
“nature.” One motivation to adapt a model to a speciiic
genre or style 1s that images from that genre or style may
have certain similar characteristics that are substantially
unique to that genre or style, and adaptation will produce
more discriminative features than a general, unadapted
model would. Stmilarly, where the additional training data 1s
related to a particular user, the newly trained neural network
should generate learned features that are more discrimina-
tive 1n relation to that user.

In some embodiments, the adapted training set includes
images that are annotated based on a user. For example, the
additional data may comprise data that the user manually
curated (such as by uploading to a social network) or that the
user expressed approval or disapproval for. In some embodi-
ments, the annotation based on a user comprises annotating
an 1mage as aesthetically pleasing or not aesthetically pleas-
ing based on whether the user has done at least one of
positively ranked or liked the image, viewed the image for
an amount of time exceeding a predetermined threshold,
visited the 1mage for an amount of visits exceeding a
predetermined threshold, purchased the image, positively
ranked or liked a category associated with the image,
positively ranked or liked a photographer associated with the
image; and commented on the image. In some embodiments,
the annotation further comprises annotating an 1mage based
on a similarity of the image to a previously annotated image.
In some embodiments, the annotation based on a user
comprises annotating an 1mage as aesthetically pleasing or
not aesthetically pleasing based on an analysis of a social
network of the user. In some embodiments, the annotation
based on a user comprises annotating an image as aestheti-
cally pleasing or not aesthetically pleasing based on results
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from a recommendation engine, wherein the recommenda-
tion engine 1s based on user-metadata, image-metadata, and
a social network of the user.

In some embodiments, a method for ranking images by
aesthetic quality for display 1s provided. In these embodi-
ments, a plurality of images 1s received. The method further
comprises assigning an aesthetic score to each of the plu-
rality of 1mages, wherein the aesthetic score 1s generated by
the method 400 for assigning an aesthetic score to an 1mage.
The method further comprises displaying the plurality of
images 1n an order based on the aesthetic score. In some
embodiments, the displaying the plurality of images com-
prises displaying a subset of the plurality of images. In some
embodiments, the displaying the plurality of images 1is
limited to a fixed number of 1mages. In some embodiments,
the subset of the plurality of 1mages 1s based on a minimum
aesthetic score.

In some embodiments, a method for searching 1images by
aesthetic quality 1s provided. In these embodiments, the
method comprises receiving a search query. The method
turther comprises searching a plurality of images based on
the search query, whereby a list of search results 1s gener-
ated. The method further comprises displaying the list of
search results by the method for ranking images by aesthetic
quality for display. In some embodiments, the searching a
plurality of images comprises searching a plurality of meta-
data associated with the plurality of images.

FIG. 5 1s a block diagram illustrating an exemplary
embodiment of the present imnvention. In this embodiment,
an 1mage 302 1s sent to a manually-selected feature module
504 and to a pre-processer 506. The manually-selected
teature module 504 extracts and encodes manually selected
teatures from the image 502. The pre-processer 306 option-
ally pre-processes the image 502, for example by re-sizing
the 1image and by subtracting a mean color. In an embodi-
ment, the pre-processer 506 does not change the image 502.
The outputs from the manually-selected feature module 504
and the pre-processer 506 are fed into a neural network 508.
The neural network 508 generates learned features, which
are then fed 1nto a ranker 510 to produce an aesthetic score
512 for the image 502.

FIG. 6 1s a block diagram illustrating an exemplary
embodiment of the present imnvention. In this embodiment,
an 1mage 502 1s sent to a manually-selected feature module
504 and to a pre-processer 506. The manually-selected
teature module 504 extracts and encodes manually selected
teatures from the image 502. The encoded features from the
manually-selected feature module 3504 are fed into the
teature projection module 602, which projects the features to
an embedding space. The pre-processer 506 optionally pre-
processes the image 502, for example by re-sizing the image
and by subtracting a mean color. In an embodiment, the
pre-processer 506 does not change the image 3502. The
output of the pre-processer 506 1s fed 1nto the neural network
508, which generates learned features. The outputs from the
feature projection module 602 and the neural network 508
are then fed into the feature concatenator 604. The feature
concatenator 604 feeds the concatenated features into a
ranker 510 to produce an aesthetic score 5312 for the image
502.

It will be appreciated that the block diagrams described in
FIGS. 5 and 6 can be used separately or combined with
different combinations of manually selected features.

FI1G. 7 1s a diagram showing an exemplary architecture for
a neural network 1n accordance with preferred embodiments.
In the embodiment shown, the neural network 700 includes
a first network 702, comprising a stack of layers. In a

10

15

20

25

30

35

40

45

50

55

60

65

12

preferred embodiment, the first network 702 1s a convolution
network. In another embodiment, the first network 702 1s a
Recursive Neural Network (RNN) or Recursive Neural
Tensor Network (RNTN). The network 700 also includes a
tully connected layer 706, taking as input manually selected
aesthetic features 704, which are extracted from the image.
The tully connected layer 706 feeds into a rectified-linear
unit layer 708. The network also includes a fully connected
layer 710, taking as input the output of the first network 702
and the rectified-linear unit layer 708. In a preferred embodi-
ment, the network 700 1s trained by minimizing a triple
hinge loss function.

FIG. 8 1s a diagram showing an exemplary architecture for
a neural network 1n accordance with preferred embodiments.
In the embodiment shown, the exemplary architecture for
the neural network may be based in part on, for example, the
deep-learning architecture provided 1n Simonyan et al., Very
Deep Convolutional Networks for Large-Scale Image Rec-
ognition. The network 800 includes a stack of convolution
filters 802. For example, a layer of the neural network 800
will perform a number of convolution operations (64 1n one
embodiment) over local patches (of size 3x3 1n one embodi-
ment). Convolution filters of stack 802 each comprise 64
sets of a size 3x3. In one embodiment, the stack of convo-
lution filters 802 includes two layers of convolution filters,
with the first layer being the input of the second layer. The
use of stacks of convolution filters without a maxpool
operation between them can increase discriminative power
and reduce the number of parameters to be trained, com-
pared to using a single convolution layer with a larger
receptive field. The maxpool operation 1s a form of non-
linear downsampling. It will be appreciated that other types
of pooling layers may be used. The stack of convolution
filter 802 feeds 1nto a maxpool operation 804, which 1n turn
feeds 1nto a stack of convolution filters 806. In one embodi-
ment, the convolution filters of stack 806 each comprise 128
sets of size 3x3, and the stack 806 comprises two layers of
convolution filters. Stack 806 feeds into maxpool operation
808, which 1n turn feeds into a stack of convolution filters
810. In one embodiment, the convolution filters of stack 810
are each 256 sets of s1ze 3x3, and stack 810 comprises four
layers of convolution filters. Stack 810 feeds into maxpool
operation 812, which 1n turn feeds into a stack of convolu-
tion filters 814. In one embodiment, the convolution filters
of stack 814 are each 512 sets of size 3x3, and stack 814
comprises four layers of convolution filters. Stack 814 feeds
into maxpool operation 816, which 1n turn feeds 1nto a stack
of convolution filters 818. In one embodiment, the convo-
lution filters of stack 818 are each 512 sets of size 3x3, and
stack 818 comprises four layers of convolution filters. Stack
818 feeds into a maxpool operation 820, which feeds into a
tully connected stack 822. The fully connected stack 822
may, 1n some embodiments, consists of three fully connected
layers. In a preferred embodiment, manually selected aes-
thetic features are inputs to the last layer of the fully
connected stack 822. It will be appreciated that the number
ol sets of convolutions, the sizes of the local patches, the
order of filters and maxpool operations, and the number and
placement of the fully connected layers can be diflerent
values 1n accordance with embodiments of the present
invention.

Those skilled in the art will appreciate that the architec-
ture for the neural network disclosed herein may also be
based i part on other deep-learning architectures. For
example, the architecture for the neural network disclosed
herein may be based 1n part on the deep-learning architec-
tures provided in Krizhevsky et al., “ImageNet Classifica-
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tions with Deep Convolutional Neural Networks™ or
Szegedy et al., “Going Deeper with Convolutions,” each of
which describe possible deep-learning architectures that a
person skilled 1n the art could modily, based on this disclo-
sure, to apply to the problem of assessing aesthetic quality,
and each of which 1s incorporated herein by reference.

Referring now to FIG. 9, a block diagram of an image-
processing system 1n accordance with exemplary embodi-
ments ol the present mmvention is illustrated. Users may
communicate with the system 900 by a network 920. In
certain embodiments, users may be distinguished as being
image creators 921 or consumers 922. An image creator 921
may also be a consumer 922, and vice versa. The upload
engine 910 allows users to upload 1mages, which are stored.
The generate metadata logic 912 automatically generates
image-associated metadata (such as tags) by using computer
vision methods, analyzing semantic ontologies derived from
existing metadata, and analyzing the graph to determine
co-occurrence or relevant tags. Scores are also calculated,
including an aesthetic score based on the 1image’s aesthetic
quality. The search engine 916 processes a search query
based on the stored 1mages, the user-associated and 1mage-
associated metadata, and the graph. The recommendation
engine 915 may display recommendations to a user, for
instance, based upon a user’s search query and user- and
image-associated metadata.

Referring now to FIG. 10, a block diagram of an image
EveRank logic 1n accordance with exemplary embodiments
of the present invention 1s 1llustrated. An 1mage score 10035
(called 1mage EyeRank) 1s generated when an image 1s
uploaded. This 1s based on at least a user score 1002 (called
user EyeRank), information about user interactions with the
images 1003, and an aesthetic score 1004 of the image. This
image EyeRank 1s periodically updated, based on changes to
the graph such as new interactions and an updated user
EveRank.

Referring now to FIG. 11, a block diagram of a user
EveRank logic in accordance with exemplary embodiments
of the present invention 1s illustrated. A user’s EyeRank may
be calculated based on an imitial score, a graph score, an
aggregation of the user’s interactions with images, an aggre-
gation ol aesthetic scores for images belong to the user, and
an editorial score.

FI1G. 12 1s a flow diagram 1llustrating steps of a method for
displaying a set of images. In an embodiment of the present
invention, method 1200 for displaying a set of images
includes storing 1mage-associated metadata (step 1201). In
certain embodiments of the present invention, the 1mage-
associated metadata comprises a photographer 1dentifier, an
aesthetic score, and at least one of a plurality of tags, a
plurality of albums, a location information, a time informa-
tion, a weather information, a plurality of event information
wherein the event information concerns events that occurred
near at least one of the location information and the time
information, a history of views, a history of likes, a history
of purchases, and a plurality of computer-generated infor-
mation. In certain embodiments, the metadata 1s generated
automatically, for instance, by analyzing metadata 1n an
image stored by a camera, using computer vision methods,
analyzing semantic ontologies derived from existing user-
and 1mage-associated metadata, and analyzing the graph to
determine co-occurrence or relevant tags

Next, in method 1200, user-associated metadata 1s stored
for each user (step 1202). In certain embodiments of the
present invention, the user-associated metadata comprises a
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photographer score, an aggregate-image score, a plurality of
impact scores, and at least one of a gender, an age, and an
activity history.

Next, in method 1200, a graph comprising the set of
images 1s created, wherein the graph 1s based on the 1image-
and user-associated metadata (step 1203). In certain embodi-
ments of the present mvention, users and 1images comprise
the nodes of the graph and the edges comprise relationships
such as “likes™ or “follows.”

Next, in method 1200, the set of 1images 1s processed to
generate a subset of 1mages (step 1204). In certain embodi-
ments of the present imvention, the processing a set of
images comprises receiving a search query from a user and
generating a rank-sorted list of 1images based on the search
query, where the order 1s based on the user- and 1mage-
associated metadata and the graph. In certain embodiments,
the set or subset of 1mages may be filtered, based on, for
example, tags, locations, time, color space, etc. In certain
embodiments, a recommendation 1s presented to the user,
which might consist e.g. of a set of users who took similar
images or a set ol similar images. This recommendation, 1n
certain embodiments, might be based on information known
about the user (e.g. history of views, like, dislikes, location).
In certain embodiments, the processing a set ol 1mages
comprises sorting the images based on imnformation known
about the user or based on aesthetic scores of the images.

In some embodiments of the present invention, the pro-
cessing of 1mages may discard iringe cases like one-time
wonder hits, where a limited amount of 1mages get popular
due to atypical reasons. By, for example, aggregating mul-
tiple scores and accounting for the size of the user’s network
and the 1mage’s reach, the image rating can be adjusted.
Likewise, singularly good images can be 1dentified despite
the creator having previously contributed lesser quality
images, or no images at all. This predictive rating 1is
achieved by analyzing the graph for similar patterns to those
of highly-rated users and by analyzing the image itself
aesthetically.

In some embodiments of the present invention, the pro-
cessing of 1mages may be done within specific clusters, e.g.
identifving the best photographers of a certain age or from
a certain region, or the best images taken at a specific time
or place, or are of a particular object or concept. The
processing may also take into account the user’s demo-
graphic information, previous searches, and the types of
content the user previously created or interacted with. In
some embodiments of the present invention, the processing
1s based on the user score 1002 (called user EyeRank). This
permits sorting, filtering, searching, and displaying by user,
¢.g. by a user profile or portiolio.

Next, 1n method 1200, the subset of 1mages 1s displayed
to a user (step 1205).

In some embodiments, method 1200 includes periodically
updating the graph in response to at least one of a new
user-associated metadata and 1mage-associated metadata
(step 1206).

Referring now to FIG. 13, a graphical representation of
image-associated metadata in accordance with exemplary
embodiments of the present mvention 1s provided. In an
embodiment of the present invention, searching a set of
images comprises searching metadata associated with a set
of 1mages. In an embodiment, an 1mage may have metadata
associated with 1t, including tags (e.g. “indoors,” “dog,”
“people,” etc.), event information (e.g. “EyeEm Festival and
Awards at Berlin, Germany 1n 2014”), comments, albums,
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etc. This might include aggregated information, e.g. “total
likes” or ““total comments.” It might also include scores
associated with the 1image.

Referring now to FIG. 14, a graphical representation of
user-associated metadata 1n accordance with exemplary
embodiments of the present invention 1s provided. In an
embodiment of the present invention, user-associated meta-
data may include gender (e.g. “male”), age (e.g. “327),
activity (e.g. “2.5 photos/week), and location (e.g. “berlin,
germany’’). User-associated metadata might also include an
editorial score, an adjusted graph score, average likes per
image, a cumulative aesthetic score over all images belong-
ing to the user, a ratio of users following the user and 1mages
belonging to the user, and a ratio of users following the user
and users being followed by the user.

Referring now to FIGS. 15a-c, a graphical representation
of a graph 1n accordance with exemplary embodiments of
the present invention 1s illustrated. In certain embodiments
of the present invention, the nodes of the graph consist of
users and 1mages and the edges consist of relationships (e.g.
likes, follows). This can include aggregate information, such
as how many 1mages ol a given user another user has liked.
In some embodiments of the present invention, the graph
1s continually updated and scores are re-computed to
account for the change. For instance, if there 1s a new user
or a new 1mage, a new node will be added; or, 1f a user or
image 1s removed, the corresponding node will be removed
(step 1501). An mitial node score 1s then generated (step
1502). It there 1s a new relationship (e.g. likes, tollows, other
interactions), edges may be added, updated, or removed
(step 1503). When the graph i1s changed, the user- and
image-specific scores are recalculated (step 1504). This
includes taking a snapshot of user and 1image scores (step
1505). This may also include storing the updated scores
(step 1506). This may also involve making the scores
available (step 1507).

FIG. 16 1s a tlow diagram 1llustrating steps of a method
1600 for generating content associated with a topic. The
method 1600 includes providing a topic (step 1602). In some
embodiments, generating content associated with a topic can
be used for curating content. For example, curated content
can be used in web collections or print collections like
magazines. In other embodiments, generating content asso-
cliated with a topic can be used for generating a static
webpage for search engine optimization. For example,
search engines, crawlers, or spiders, have trouble 1ndexing
dynamic content. Being able to automatically generate static
webpages comprising content associated with a topic allows
search engines, crawlers, or spiders, to index relevant con-
tent and, for example, to improve a web page’s ranking in
the search engine. As a non-limiting example, a topic might
include food, architecture, 16th century art, or anything else
that a user might be interested 1n.

Next, in method 1600, a set of 1images associated with the
topic 1s received (step 1602). In some embodiments, the
received set of 1images includes search results for a pre-
defined search parameter associated with the topic or images
having metadata associated with the topic. In some embodi-
ments, the relevant metadata or search parameters may be
automatically generated or provided by a user. In some
embodiments, the metadata may include tags associated
with the topic. In some embodiments, a relevance score may
be calculated, depending on how relevant the image 1s to the
topic. This score may be based on the image or image
metadata.

Next, in method 1600, for each image in the set of 1mages,
a score 1s assigned to the image, wherein the score 1s based
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on user interactions with the 1mage and an aesthetic score of
the image (step 1604). In some embodiments, this score 1s an
image EyeRank score. In some embodiments, the aesthetic
score 1s adapted to a user or a genre, for example a user or
genre associated with the topic, or a user who 1s requesting
the generated content.

Next, in method 1600, the set of 1mages 1s filtered based
on the assigned scores to create a subset of 1mages (step
1606). In some embodiments, filtering the set of images
based on the assigned scores to create a subset of 1mages
includes removing all but a top K number of the images,
wherein K 1s a natural number. For example, the 1mages
having the K highest assigned scores will be kept, and the
images having lower assigned scores will be removed. In
some embodiments, filtering the set of 1mages based on the
assigned scores to create a subset of 1images includes remov-
ing all images where the assigned score less than a threshold
value. In some embodiments, the threshold value 1s a
pre-determine fixed value, while 1n other embodiments, the
threshold value 1s adaptively determined based on the
received 1mages.

Next, in method 1600, an 1image i1s (in some embodi-
ments) optionally removed from the subset of images based
on mput from a user and the 1mage 1s replaced by an 1image
with a next highest score from the set of images. For
example, a user may not like an 1mage in the subset of
images, and indicate that i1t should be removed. That image
will then be replaced by the image having the next highest
assigned score.

FIG. 17 1s a flow diagram illustrating steps of a method
1700 for assessing the eflicacy of changes to a social
network including a plurality of users capable of uploading
images to the social network. The method 1700 includes
determining a first metric for user and content quality for a
first time period (step 1702).

Next, in method 1700, a change 1s made to the social
network, wherein the change occurs after the first time
period (step 1704).

Next, in method 1700, after making the change, a second
metric 1s determined for user and content quality for a
second time period (step 1706).

Next, in method 1700, the eflicacy of the change is
assessed based on the determined first and second metrics
for user and content quality (step 1708).

In some embodiments, making a change that 1s positive
will lead to higher quality users attracted to the social
network and contributing higher quality 1mages.

In some embodiments, a first set of 1mages 1s received
during the first time period and a second set of images 1s
received during the second time period. In these embodi-
ments, the first metric includes determining a number of
good 1images 1n the first set, wherein an 1image 1s determined
to be good based on an aesthetic score associated with the
image. Likewise, 1n these embodiments, the second metric
includes determining a number of good 1images 1n the second
set, wherein an 1mage 1s determined to be good based on an
aesthetic score associated with the image. In some embodi-
ments, determining an i1mage to be good based on the
aesthetic score includes using a pre-determined or adap-
tively determined threshold. For example, a threshold may
be set by plotting all the aesthetic scores 1n a training set
(which, for example, may contain examples of great, neutral,
and bad images). The thresholds are chosen by finding the
partition point in the graph where the ratio of good 1mages
(or great images ) versus the remaining images 1s greater than
a specified percentage (for example, 80%). In some embodi-
ments, the first metric further includes determining a histo-
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gram ol aesthetic scores associated with the first set of
images and wherein the second metric further includes
determining a histogram of aesthetic scores associated with
the second set of 1mages. In some embodiments, determin-
ing a photo to be good may be based on an 1mage FyeRank
score, or on both an 1mage FyeRank score and an aesthetic
score, and 1n some embodiments may also include a corre-
lation between these scores. Some embodiments may use
aesthetic score mnstead of an 1image EyeRank because, for
example, aesthetic score 1s istantaneous 1n the sense that
these scores may be calculated without the need for users to
start following and liking other users’ 1images, but 1s instead
based on the uploaded 1mage. In contrast, using an 1mage
EveRank may require more time for user interactions and
other factors to take place which intluence the image EyeR -
ank score. Thus, both scores together, or either individually,
may be useful.

In some embodiments, a first set of users 1s received
during the first time period and a second set of users is
received during the second time period. In these embodi-
ments, the first metric includes determining a number of
good users 1n the first set, wherein a user 1s determined to be
good based on a user score (for example, user EyeRank)
associated with the user. Likewise, in these embodiments,
the second metric includes determining a number of good
users 1n the second set, wherein a user 1s determined to be
good based on a user score (for example, user EyeRank)
associated with the user. In some embodiments, determining
a user to be good based on the user score includes using a
pre-determined or adaptively determined threshold. For
example, a threshold may be set by plotting all the user
scores 1n a training set or based on an historical set of users
(which, for example, may contain examples of great, neutral,
and bad users). The thresholds are chosen by finding the
partition point in the graph where the ratio of good users (or
great users) versus the remaining users 1s greater than a
specified percentage (for example, 80%). In some embodi-
ments, the first metric further includes determining a distri-
bution of good users in the first set and wherein the second
metric further includes determining a distribution of good
users 1n the second set.

In some embodiments, making a change to the social
network includes changing a user signup process or chang-
ing how a user 1s exposed to content. In some embodiments,
making a change to the social network includes changing a
user experience design or user interface design. In some
embodiments, assessing the efficacy of the change includes
split AB testing.

In one particular embodiment of the present invention, a
user may quickly, efliciently, and accurately zoom-in on a
desired location of an 1image. A user 1s able to quickly zoom
into an 1mage displayed on a device using a single mput
action. The single input represents the desired zoom loca-
tion, indicating where the user wants to center the enlarged
image. In response to the user input, the user device requests
a high resolution 1mage from a remote device that stores the
high resolution image. The user device receives the high
resolution image and displays the recerved 1image to the user.
The server the user 1s communicating with may aggregate
the desired zoom location for images across multiple users
and multiple user mput actions. In one embodiment of the
present invention, the feature extraction additionally com-
prises extracting a feature based on a desired zoom location.
This desired zoom location may be based on aggregated data
across multiple user input actions. The zoom-feature may be
a location, e.g. a mean 1mage pixel, a set of locations, or a
distance at a given region to a nearest desired zoom location.
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In one embodiment, the aggregated data consists of user
input actions from users who have uploaded 1mages with
high aesthetic scores (e.g. having a high user EyeRank), or
from users another subset of users related to the image.
Additional aspects of systems, methods, and computer pro-
gram products for enabling users to better display and view
images and, more particularly, to zooming-in to high reso-
lution 1mages with a single user mput, are set forth in U.S.
application Ser. No. 14/453,185, filed Aug. 6, 2014, which
1s 1incorporated herein by reference.

In embodiments where a processor 1s included, computer
readable program code (CRPC) may be stored 1n a computer
readable medium, such as, but not limited, to magnetic
media (e.g., a hard disk), optical media (e.g., a DVD),
memory devices (e.g., random access memory), and the like.
In some embodiments, computer readable program code 1s
configured such that when executed by a processor, the code
causes the processor to perform steps described above (e.g.,
steps described above with reference to the flow charts
shown 1n FIGS. 4, 7, and 8).

While various embodiments have been described above,
it should be understood that they have been presented by
way ol example only, and not limitation. Thus, the breadth
and scope of the present disclosure should not limited by any
of the above-described exemplary embodiments. Moreover,
any combination of the above-described elements i1n all
possible variations thereof 1s encompassed by the disclosure
unless otherwise indicated herein or otherwise clearly con-
tradicted by context.

Additionally, while the processes described above and
illustrated in the drawings are shown as a sequence of steps,
this was done solely for the sake of illustration. Accordingly,
it 1s contemplated that some steps may be added, some steps
may be omitted, the order of the steps may be re-arranged,
and some steps may be performed 1n parallel.

We claim:

1. A method for assigning an aesthetic score to an 1mage,
comprising;

recelving an image;

executing a neural network on the image to generate

learned features; and

applying a machine-learned model to assign an aesthetic

score to the 1mage, wherein a more aesthetically-
pleasing 1mage 1s given a higher aesthetic score and a
less aesthetically-pleasing 1image 1s given a lower aes-
thetic score,

wherein the learned features are mputs to the machine-

learned model.

2. The method of claim 1, wherein the neural network 1s
a deep neural network and the learned features are deep-
learnt features.

3. The method of claim 2, wherein the neural network
includes a stack of filters followed by one or more fully
connected layers, wherein the filters include at least one of
convolution filters, rectified-linear umit filters, and max-
pooling filters.

4. The method of claim 3, wherein the learned features
includes outputs of one or more layers of the neural network.

5. The method of claim 3, further comprising:

extracting manually selected features from the i1mage,

wherein the manually selected features are indicative of
aesthetic quality; and

encoding the extracted manually selected features into a

high-dimensional feature vector,

wherein the neural network includes a fully connected

layer which takes the encoded manually selected fea-
ture vector as an additional mnput.
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6. The method of claim 5, wherein extracting the manu-
ally selected features comprises:

determining a plurality of scales;

for each of the plurality of scales, segmenting the image

into a plurality of regions; and

for each of the plurality of scales and the plurality of

regions:

computing a plurality of nearest and farthest regions
according to a distance function;

computing a local histogram of oriented gradients; and

computing a color.

7. The method of claim 3, further comprising;:

extracting manually selected features from the image,

wherein the manually selected features are indicative of
aesthetic quality;

encoding the extracted manually selected features into a

high-dimensional feature vector;

reducing the dimension of the high-dimensional feature

vector; and

concatenating the manually selected dimensionally-re-

duced feature vector and the learned features:
wherein the concatenated features are mnputs to the
machine-learned model.

8. The method of claim 7, wherein extracting the manu-
ally selected features comprises:

determining a plurality of scales;

for each of the plurality of scales, segmenting the image

into a plurality of regions; and

for each of the plurality of scales and the plurality of

regions:

computing a plurality of nearest and farthest regions
according to a distance function;

computing a local histogram of oriented gradients; and

computing a color.

9. The method of claim 2, wherein the neural network
includes a recursive-neural-network structure.

10. The method of claim 1, further comprising;:

pre-processing the image for input into the neural net-

work,

wherein the executing the neural network on the image

comprises executing the neural network on the pre-
processed 1mage.

11. The method of claim 1, wherein the neural network 1s
trained by a process comprising;

sampling a neural-net training set having a plurality of

training 1mages, wherein the sampling includes form-
ing triplets (Im, ™, Im,™, Im,™) where Im,™ and Im,,* are
members of the neural-net training set that are anno-
tated as positive aesthetic images and Im,~ 1s a member
of the neural-net training set that 1s annotated as a
negative aesthetic image; and

minimizing a loss function, whereby an embedding space

1s found where positive aesthetic 1mages are close
together and negative aesthetic images are spread apart.

12. The method of claim 11, wherein the loss function 1s
a triple hinge loss function max (0,c-o(¢p(Im,™),p(Im,™))+0
(¢(Im,™),p(Im;7))), where ¢ is a constant, 0 is a distance
function in the embedding space, and ¢ represents the
learned features.

13. The method of claim 11, wherein the loss function 1s
a contrastive loss function.

14. The method of claim 1, wherein the neural network 1s
adapted to a genre or a user from a base neural network by
the training process comprising:

providing an adapted training set, wherein the adapted

training set includes images that the base neural net-
work was not trained on; and
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imtializing tramning parameters based on training param-

cters from the base neural network.

15. The method of claim 14, wherein the adapted traiming
set includes 1mages that are annotated based on a user.

16. The method of claim 15, wherein the annotation based
on a user comprises annotating an i1mage as aesthetically
pleasing or not aesthetically pleasing based on whether the
user has done at least one of: positively ranked or liked the
image, viewed the image for an amount of time exceeding
a predetermined threshold, visited the image for an amount
of visits exceeding a predetermined threshold, purchased the
image, positively ranked or liked a category associated with
the 1mage, positively ranked or liked a photographer asso-
ciated with the image; and commented on the image.

17. The method of claim 16, wherein the annotation based
on a user further comprises annotating an 1image based on a
similarity of the image to a previously annotated 1mage.

18. The method of claim 15, wherein the annotation based
on a user comprises annotating an i1mage as aesthetically
pleasing or not aesthetically pleasing based on an analysis of
a social network of the user.

19. The method of claim 15, wherein the annotation based
on a user comprises annotating an image as aesthetically
pleasing or not aesthetically pleasing based on results from
a recommendation engine, wherein the recommendation

engine 1s based on user-metadata, 1mage-metadata, and a
social network of the user.

20. A method for ranking 1mages by aesthetic quality for
display, comprising:

recerving a plurality of 1images;

assigning an aesthetic score to each of the plurality of

images, wherein the aesthetic score 1s generated by the
method of claim 1; and

displaying the plurality of images 1n an order based on the

aesthetic score.

21. The method of claim 20, wherein the displaying the
plurality of images comprises displaying a subset of the
plurality of 1mages.

22. The method of claim 21, wherein the subset of the
plurality of 1mages 1s limited to a fixed number of 1mages.

23. The method of claim 21, wherein the subset of the
plurality of 1images 1s based on a minimum aesthetic score.

24. A method for searching images by aesthetic quality,
comprising;

recerving a search query;

searching a plurality of 1images based on the search query,

whereby a list of search results 1s generated; and
displaying the list of search results by the method of claim
20.

25. The method of claim 24, wherein the searching a
plurality of 1mages comprises searching a plurality of meta-
data associated with the plurality of images.

26. A device for assigning an aesthetic score to an 1mage,
comprising:

a Processor;

a memory coupled to the processor; and

a network interface coupled to the processor,

wherein the processor 1s configured to:

receive an 1mage;

execute a neural network on the image to generate
learned features; and

apply a machine-learned model to assign an aesthetic
score to the image, wherein a more aesthetically-
pleasing 1image 1s given a higher aesthetic score and
a less aesthetically-pleasing image 1s given a lower
aesthetic score,
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wherein the learned features are mputs to the machine-
learned model.

27. A computer program product for assigning an aes-
thetic score to an i1mage, said computer program product
comprising a non-transitory computer readable medium
storing computer readable program code embodied in the
medium, said computer program product comprising:

program code for receiving an image;

program code for executing a neural network on the

image to generate learned features; and

program code for applying a machine-learned model to

assign an aesthetic score to the image, wherein a more
aesthetically-pleasing image 1s given a higher aesthetic
score and a less aesthetically-pleasing 1mage 1s given a
lower aesthetic score,

wherein the learned features are iputs to the machine-

learned model.
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